Abstract
Introduction
Mobile commerce refers to any commerce transaction conducted by using mobile devices via wireless communications. Mobile commerce offers the advantages of ubiquitous access to information, anytime, anywhere. By making business and consumers more effective, mobile commerce is important for both developed countries and developing countries in promoting the national economic development. Mobile has become a cornerstone of the global economy, both as an industry in its own right and as an enabler of opportunities in other sectors (GSMA, 2014) . According to the report of World Economic Forum, a 10 percent increase in 3G penetration increases GDP per capita growth by 0.15 percentage points, and a doubling of mobile data use is associated with an increase in the GDP per capita growth rate of 0.5 percentage points (WEF,2013) . The opportunities presented by mobile commerce are reflected by the growth of mobile phones and mobile internet users. By the end of 2013, China had more than 1.4 billion mobile subscribers with an penetration rate 93.5%, 400 million 3G users with an penetration rate of 33.2% and 500 million mobile internet users with an annual growth rate of 19.1%.The proportion of those using mobile phones to access the Internet grew rapidly from 74.5% in 2012 to 81.0% in 2013 (CNNIC, 2013) . Mobile phone has become No. 1 internet access terminal in China. Mobile phones are the main driving force for the growth of mobile internet and mobile commerce in China.
The fast growth of mobile internet users and 3G subscribers has presented tremendous business opportunity for mobile commerce in China. There is three times the number of mobile subscribers in China as in the US. China presents a market which has huge potential for many mobile commerce service providers. Reports by iiMedia Research stated that China's mobile commerce market reached RMB 47.86 billion with 149 million users in 2012, and estimated that in 2015, the mobile commerce market in China would reach about RMB 253.65 billion with 352 million users.
Although the number of 3G mobile subscribers is increasing dramatically in China, actual 3G penetration rate still remains low compared to that of developed countries. By the end of 2012, the 3G penetration rate of US surpassed over 90% and Japan over 80%, while China just reached 20%.The aim of this paper is to explore the factors influencing the diffusion of mobile commerce technology in China from the country perspective at different stages of mobile commerce development by a multi-time point approach (i.e., the first point in 2009 and the second point in 2012) through a statistical analysis of 31 provinces. The findings provide researchers and policy-makers systematic insights into the role of different factors in mobile commerce diffusion at a country level and over time especially for developing countries. The rest of the paper is organized as follows. Section 2 presents a brief literature review. Section 3 presents models, methodology and variables. Section 4 reports the empirical results. The last section gives a brief summary and discussion.
Literature Review
Although many studies have been done in the mobile commerce diffusion area, the literature mainly focuses on the behavioral issues of mobile commerce adoption from the perspective of end users. Factors that influence mobile commerce adoption from the perspective of countries have been less explored. The diffusion of mobile commerce is built on the widespread adoption of mobile telecommunication, thus studies on the diffusion of mobile phones and mobile broadband would provide us with useful insights.
Prior research in mobile phone and mobile broadband diffusion has identified a set of variables that affect the entire diffusion process of mobile commerce. A few factors have been identified as being important, such as income, education level, infrastructure, urbanization rate and price, but a definitive study is lacking due to the difference on sample size and research method.
Based on the Mansfield's model, Luo, et al., (2013) found that investment played a vital role in the starting period of mobile phones, while income, price and urbanization level determined the final development level. Appling choice-based conjoint analysis, Han & Liu (2012) found that high price of voice service, mobile data service price and 3G phone price were the main barriers influencing consumer's adoption of 3G services in China. Based on data for mobile phone subscribers in China for 1986-2007 by using Gompertz model, Liu, et al., (2009) found that fixed line subscribers and price of mobile handsets and services were the determinants for the diffusion rate of mobile phones. Based on the panel data of 31 provinces from1999 to 2012 by using Logistic model, Li, et al., (2013) found that fixed line penetration rate, mobile phone penetration rate, number of operators, price and population density instead of GDP per capita, urbanization rate and innovation were the main factors affecting the diffusion rate of communication industry of China. Kauffman & Techatassanasoontorn (2005) tested the effects of country characteristics, digital and analog mobile phone industry characteristics, and regulatory policies on the diffusion rates of digital mobile phones across forty six developed and developing countries, the empirical results showed that GNP per capita, digital mobile phone penetration, the number of digital mobile phone standards, and analog mobile phone penetration were important drivers from the introduction to the early diffusion state. Li & McQueen (2008) examined the barriers that inhibit the adoption of mobile commerce services in New Zealand, and found that barriers from the supply side instead of customer-related and technological barriers were the major factors influencing the adopting mobile commerce services in New Zealand. Using micro data from 2001, Akiyoshi & Ono (2008) compared and contrasted the determinants of mobile versus computer-based internet in Japan, findings showed that mobile internet access, as compared to computer access, was determined less by demographics, socioeconomic status, and technological readiness. Through a regression analysis of 106 observations, Lee, et al.,(2007 found that multiple standardization policy, lower level of 1G and 2G penetration, and a higher level of income contribute to the diffusion of 3G mobile. Employing a logistic diffusion model, Lee, et al., (2011) analyzed the factors that influence the diffusion of fixed and mobile broadband, and found that for mobile broadband, multiple standardization policy and population density were the main factors of the initial diffusion of mobile broadband services.
The above literature review suggests that there are very few studies on mobile commerce diffusion in China-the largest mobile commerce market in the world. Besides, current research only examined variables that influence the entire diffusion process, and lack the analysis on the relative importance of different factors at different stages of mobile commerce development. Furthermore, most previous studies have been limited in scope considering only a small set of variables. This study tries to fill in the gaps with a comprehensive econometric analysis of the determinants of China's mobile commerce diffusion that spans both infant stage and taking-off stage and includes a wide-range of economic, education level, infrastructure and user factors.
Model, Variables and Methodology

Model and Variables
Based on the literature review, our candidate variables include economic variables, urbanization rate, education level variables, infrastructure variables, user indicators, price and innovation variables, as shown in Table 1 .This study has 7 dimensions with 13 independent variables and 1 dependent variable.
As data related to mobile commerce is lacking, we choose 3G penetration rate as the surrogate measure of mobile commerce diffusion rate. 3G penetration rate refers to the number of 3G users per 100 people. Diffusion of mobile commerce is based on the widespread adoption of 3G technology and smart phones. China approved issuing 3G licenses to mobile operators in the end of 2008.WCDMA, CDMA 2000 and TD-SCDMA are the three main standards for 3G wireless technologies in China. WCDMA was issued to China Unicom, CDMA 2000 was issued to China Telecom and TD-SCDMA proposed by China was issued to China Mobile.
The model is specified as follows:
In this equation  is the regression coefficient for the intercept and the i  values are the regression coefficients. User variables are measured by 2G penetration rate, internet penetration rate and fixed broad penetration rate. Mobile phone users and internet users provide the basis for mobile commerce use. Regions that already have high mobile phone and internet penetration rates have seen users embrace broadband services more readily (Lee, 2007) .
Chew (2006) found that the level of E-Commerce adoption is a determinant of the adoption of Mobile commerce in United States. We assume that the proportion of related users (2G mobile phone users and internet users) is a determinant of mobile commerce diffusion.
Urbanization rate is measured by the share of urban population. Some early studies examining the relationship between mobile diffusion and share of urban population find no significant correlation between the two variables (Gruber, 2001; Lee, et al., 2007) . On the contrary, some recent study has found that there is significant negative correlation between rural population rate and mobile adoption rate (Luo, et al., 2013; Li, et al., 2013) , as shown in Figure 1 . City has more mobile network coverage and good information infrastructure required by mobile commerce. We assume that the urbanization level is a determinant of mobile commerce diffusion.
Source: GSMA Intelligence, the Mobile Economy 2014.
Figure 1. Mobile Adoption and Rural Population
Income variables are measure by GDP per capita and disposable income per captia. Many previous studies had found that income was the major contributing variable to mobile diffusion (Andonova, 2006; Lee, et al., 2007) . Early adopters tend to have higher socio-economic status (Rogers, 2003) . The global digital divide is mainly accounted for by income differentials. We assume that the income level is a determinant of mobile commerce diffusion.
Education level variables, namely human capital variables are measured by schooling years and proportion with secondary or above education. The use of mobile commerce technology requires users having certain levels of education. Those who have higher educational level are more likely to adopt mobile commerce (Chong, 2013) . We assume that the education level is a determinant of mobile commerce diffusion.
Innovation variable is measured by patent applications per ten thousand people. Many studies of micro perspective from consumers indicated that personal innovativeness was significantly correlated with mobile commerce adoption (Park, 2007; Chong, et al., 2013) . Similarly, at the macro level, regions with high innovation capacity would be more likely to adopt mobile commerce. We assume that the innovation capacity is a determinant of mobile commerce diffusion.
Infrastructure variables are measured by mobile telephone exchange capacity per captia, cable length per captia/km and telecoms investment per captia. Adoption and diffusion of mobile commerce are directly built on the telecommunication infrastructure. Some regions might be more prepared than others to adopt mobile commerce because of their existing ICT infrastructure development. We assume that infrastructure is a determinant of mobile commerce diffusion.
This study use communication price index to measure the changes in price level of mobile equipment and service.
According to the law of demand, as the price of a good falls, the quantity demanded rises. Li, et al., (2013) found that decreasing telecommunication price had a significantly positive effect on the mobile communication technology diffusion rate of China. We assume that price is negatively correlated with mobile commerce diffusion.
Data
The sample of this study is 31 provinces of China. 
Methodology
For data analysis, this study employed partial least squares regression (PLS regression) method with SIMCA-P+ 11 version. PLS regression is a statistical method that generalizes and combines characteristics of principal component analysis and multiple regression. PLS regression finds a linear regression model by projecting the predicted variables and the observable variables to a new space. PLS regression is particularly suited when there is multicollinearity among variables and/or the number of independent variables is comparable to or greater than sample size (Wang, 1999) . PLS regression is becoming a tool of choice in the social sciences as a multivariate technique.
To explore the relationships among variables and assess multicollinearity among independent variables, Pearson correlation coefficients and variance inflation factors were calculated by SPSS19.0 using the data of 2012. As shown in Table 2 , the Pearson correlation coefficients among variables revealed the strongest correlations among variables. As shown in Table 3 , most of the variance inflation factors (VIF) in the regression models were more than the usual cutoff level of 10.0. The result of year 2009 is similar too. Hence, multicollinearity problems were found to be serious. In this case the solution of classical least squares problem is unstable and unreliable, while PLS approach leads to stable, correct and highly predictive models even for correlated descriptors. Table 4 .According to the theory of innovation diffusion theory, the adoption rate of the innovation should reach a critical mass in order to self-sustain. Diffusion of existing technologies including mobile phones has been measured in S curves, as the early adopters select the technology first, followed by the majority, until a technology or innovation is common (Rogers,2003) . The S-shaped diffusion curve "takes off" at about 10 to 20 percent adoption generally (Rogers, 2003) . By the end of 2012, the 3G penetration rate was 20.9%, which had reached the critical mass of taking-off stage, thus this study chose year 2012 as the representation of taking-off stage for mobile commerce diffusion. This temporal approach to observe the transformation of the influence of different factors over time provides a better basis for causal inference than a single cross-sectional study does (Jupp, 2006) . 
Empirical results
Phase I: 2009
PLS regression searches for a set of components that performs a simultaneous decomposition of X and Y with the constraint that these components explain as much as possible of the covariance between X and Y. One component is selected automatically by SIMCA-P+11 according to the test of cross-validation, explaining 84.9% of the variance of Y with a predictive ability of 79%, which indicates an excellent model. As shown in Figure 2 , if choosing two components, the value of cross-validation test is -0.063977, which is lower than the critical value of 0.0975, and it means that we should keep one component to fit the PLS model. Table 5 shows the coefficients of PLS regressions using the data of 2009.As we can see, except for price, all the other variables are positive correlated with mobile diffusion. The results means that lower price, more users on 2G and internet, higher urbanization rate, higher income and education level, good infrastructure and innovation capability are the contributors of mobile diffusion in the infant stage. It is worth noting that the positive coefficients of 2G penetration and fixed broadband penetration suggests 3G mobile is a complement of 2G mobile, and mobile broadband is a complement of fixed broadband in the initial stage. -0.032
To examine the relative importance of each factor to the dependent variable, variable importance in the projection (VIP) is used in PLS regression. The bigger of the VIP value (over 1) is, the more important contribution to dependent variable is. Figure 3 is the VIP plot generated by SIMCA-P+. As we can see that fixed broadband penetration rate(X 3 ), GDP per capita(X 5 ) and internet penetration rate(X 2 ), urbanization level(X 4 ) ,disposable income per captia(X 6 ) and patent applications per ten thousand people(X 9 ), 2G penetration rate(X 1 ), internet penetration rate(X 12 ) and mobile telephone exchange capacity per captia(X 10 ) are the significant factors at the infant stage of mobile commerce, while the contribution of cable length per captia/km(X 11 ),human capital(X 7 ,X 8 ) and price(X 13 ) are relatively weaker. Table 6 shows the coefficients of PLS regressions using the data of 2012.Similar with the results in 2009, xcept for price, all the other variables are positive correlated with mobile diffusion. The coefficients of 2G penetration and fixed broadband penetration are still positive, which indicates that 3G mobile is also a complement of 2G mobile, and mobile broadband is a complement of fixed broadband in the taking-off stage too. This result is same with the study of Lee (2011) , et al.,, who finds that in many OECD countries, mobile broadband service is a complement to fixed broadband service in the initial deployment of broadband. China is still in the early stages of broadband deployment, thus mobile broadband penetration rate is growing rapidly in line with fixed broadband. Figure 5 is the VIP plot generated by SIMCA-P+ using the data of 2012.As we can see that internet penetration rate(X 2 ), 2G penetration rate(X 1 ), and disposable income per captia (X 6 ), fixed broadband penetration rate(X 3 ), urbanization level(X 4 ) and GDP per capita(X 5 ) are the significant factors at the taking-off stage of mobile commerce diffusion, while the contribution of human capital(X 7 ,X 8 ), cable length per captia/km(X 11 ), internet penetration rate(X 12 ), patent applications per ten thousand people(X 9 ), mobile telephone exchange capacity per captia(X 10 ) and price(X 13 ) are relatively weaker. 
Comparison
The number of significant factors in the early stage is more than that in the taking-off stage. The similarities between two stages are that more stock users of internet and mobile phone, higher levels of income, higher urbanization rate are both important factors. The differences between two stages lies in that innovation capacity and telecommunication infrastructure are more important in the early stage of mobile commerce diffusion.
From the difference of the regression coefficients, we can see the changing trends on the importance of different influencing factors. The bigger coefficients of stock users, urbanization rate, income and human capital in phase II imply these factors are becoming increasingly important, while the smaller coefficients of innovation capacity and infrastructure in phase II imply their reducing importance.
Conclusions
This paper analyzes the factors affecting China's mobile commerce diffusion over time using the data of 31 provinces of China in the years of 2009 and 2012 respectively based on the partial least square regression method. The study includes a wide-range of economic, education, infrastructure and user factors.
The results of the analysis indicate that more stock users of internet and mobile phone, higher levels of income, higher urbanization rate, stronger innovation capacity and better telecommunication infrastructure are the driving factors of mobile commerce diffusion at the infant stage, while more stock users of internet and mobile phone, higher levels of income and higher urbanization rate are the driving factors of mobile commerce diffusion at the taking-off stage. More specifically, fixed broadband penetration rate, GDP per capita and internet penetration rate, urbanization level are the top 4 factors at the infant stage of mobile commerce, while internet penetration rate,2G mobile penetration rate, income and fixed broadband penetration are the top 4 factors at the taking-off stage.
The findings provide researchers and policy-makers systematic insights into the role of different factors in mobile commerce diffusion over time at a country level especially for developing countries.
